Abstract -This paper examines how assumptions imposed on the data influence estimates of schooling's effect on earnings. The paper models schooling decisions as treatment effects and imposes assumptions about schooling selection to estimate bounds on the treatment effect. The study begins by using the worst-case bounds derived by Manski (1989 Manski ( , 1990 Manski ( , 1994 Manski ( , 1995 and adds assumptions from the Roy model of schooling self-selection to narrow the bounds on the schooling treatment effect. The bounds are narrowed further by using family structure, college proximity, and school-quality characteristics as exclusion restrictions. The selection problem requires the researcher to make explicit assumptions to estimate the effect of schooling on earnings. This paper demonstrates that different selection assumptions yield very different results.
I. Introduction
O n average, individuals with more schooling earn higher wages than individuals with less. This conventional wisdom has prompted the Clinton administration to propose policy changes that support increased educational opportunities for all Americans. In particular, the Balanced Budget Act of 1997 provides a $1,500 tax credit for the first two years of postsecondary education and a 20% annual tax deduction for tuition and fees of up to $10,000. Behind these tax incentives is the assumption that the policy prescription of schooling increases wages for anyone receiving the treatment. However, estimating the treatment effect of schooling on wages is not a straightforward matter.
The human capital model defines schooling as an investment that enhances the productive abilities of workers, who, in turn, earn higher wages. In practice, data limitations such as omitted information on ability and the self-selection of schooling levels make it difficult to identify the returns to schooling. If ability is correlated with schooling choice and earnings, estimates that fail to take account of ability and self-selection will be biased (Griliches (1977) ). In order to identify the returns to schooling, a researcher must make explicit assumptions about the selection process.
Many recent papers use different exclusion-restriction assumptions to control for ability bias in estimates of the returns to schooling. 1 The exclusion restrictions are assumed to be correlated with schooling choice and uncorrelated with earnings. Instead of trying to estimate the objective return to schooling with new exclusion restrictions, this paper approaches the question from a different perspective. What is the effect of schooling on earnings under alternative sampleselection assumptions? The paper introduces a unified framework based on work by Manski (1989 Manski ( , 1990 Manski ( , 1994 Manski ( , 1995 for estimating the schooling treatment effect. The paper uses data from the National Longitudinal Survey of Youth (NLSY) and different schooling selection assumptions to implement this approach. The research begins by making very general assumptions about the data and gradually adding plausible assumptions from economic theory to bound the effect of schooling on earnings. Unlike other research, bounds on the treatment effect do not identify point estimates of the return to schooling. Point estimates require restrictive assumptions that could potentially bias estimates of the effect of schooling on earnings. As more information from economic theory and exclusion restrictions is added to the model, it is possible to tighten the bounds on the schooling treatment effect.
This paper demonstrates that different selection assumptions yield very different results. First, treatment effect bounds that assume nonrandom selection are uninformative. As information from the Roy model of self-selection is added to the model, treatment effect bounds narrow significantly and, in some cases, identify a positive treatment effect. Second, OLS estimates of the schooling treatment effect are rejected in favor of nonparametric estimates. Third, bounds that incorporate exclusion restrictions can be used to examine whether the exclusion-restriction assumptions are consistent with the data. The exclusion-restriction bounds are narrower than bounds without exclusion restrictions.
The paper is divided into the following sections: Section II discusses the selection problem under different assumptions from economic theory, section III describes the data set used in this research, section IV details the empirical results, and section V concludes.
II. The Selection Problem and the Schooling Treatment Effect

A. Schooling as a Treatment Effect
The treatment effect framework provides an intuitive explanation of the schooling selection problem. Consider the following switching process in which the expected wage for an individual with characteristics x differs depending on the treatment: When s ϭ 1, the individual obtains schooling beyond high school, and the wage is y 1 ; when s ϭ 0, the individual stops schooling at high school, and the wage is y 0 . In addition, assume that potential outcomes for each individual are unrelated to the treatment status of other members of the population; this is Rubin's (1978) stable unittreatment value assumption (SUTVA). The population average treatment effect, given in equation (1), is the difference between these conditional expectations.
T(x) ϭ E( y 1 0x) Ϫ E( y 0 0x)
The treatment effect in equation (1) is interpretable as the average difference in outcomes between the treated and untreated across all units in the population. Using the law of total probability, one can rewrite E( y 1 0x) and E( y 0 0x) in equation (2):
E( y 1 0x) ϭ E( y 1 0x, s ϭ 1)P(s ϭ 10x) ϩ E( y 1 0x, s ϭ 0)P(s ϭ 00x)
E( y 0 0x) ϭ E( y 0 0x, s ϭ 1)P(s ϭ 10x) ϩ E( y 0 0x, s ϭ 0)P(s ϭ 00x)
The data-sampling process identifies E( y 1 0 x, s ϭ 1), P(s ϭ 10x), E( y 0 0x, s ϭ 0), and P(s ϭ 00x). E( y 0 0x, s ϭ 1) and E( y 1 0x, s ϭ 0) are not identified by the sampling process. Hence, the population average treatment effect of schooling on earnings is not identified. In order to estimate this treatment effect, the researcher must make assumptions about the selection process.
Even though the population average treatment effect in equation (1) is difficult to identify, it remains the parameter of interest in most studies. When a treatment is shown to be effective, policymakers will attempt to influence population outcomes through policy changes. The population average treatment effect measures the effect of these changes.
Given the difficulty in identifying the population average treatment effect, other treatment effects exist in the literature. The effect of treatment on the treated measures the outcome for the subpopulation that selects the treatment. However, this treatment does not measure the effect of policy changes on the entire population and is not the parameter of interest. Angrist and Imbens (1995) and Imbens and Angrist (1994) specify another alternativelocal average treatment effects. Identification of local average treatment effects relies on the assumption that the probability of receiving treatment is affected by a monotonic change in an exclusion restriction. Local average treatment effects have the advantage of being identified by the data for a subpopulation. However, the local average treatment effect cannot be generalized for the population and is not the parameter of interest to policymakers. Thus, this paper estimates bounds on the population average treatment effects, allowing the researcher to bound the parameter of interest to policymakers.
B. Schooling Treatment Effects Using Alternative Assumptions
Exogenous Selection Mincer (1974) developed an empirical version of the human capital model that assumes schooling treatment is independent of earnings outcomes-an assumption known as exogenous selection or strongly ignorable treatment. Models imposing exogenous selection assume all individuals have equal ability, and that schooling wage differentials are equalizing on the direct and opportunity costs of schooling. Workers who obtain more schooling are compensated by higher wages that exactly offset the costs of schooling and foregone earnings. For all individuals, the rate of return to additional schooling is equal to the discount rate. Given perfect capital markets in this framework, individuals are indifferent between schooling levels, and researchers can assume exogenous selection. The switching regression format illustrates the exogenous selection assumption:
Both E( y 1 0x) and E( y 0 0x) are identified by the data, because E( y 1 0x, s ϭ 1) is assumed to equal E( y 1 0x, s ϭ 0) because of random assignment to schooling treatments. The treatment effect is also identified under exogenous selection as
Often exogenous selection is combined with a log-linear functional form assumption to estimate a constant return on the human capital investment. Researchers recently have found evidence against this specification. Both Park (1994) and Heckman et al. (1996) show different rates of return to schooling for different educational degrees. These ''sheepskin effects'' indicate the return to an additional year of schooling is not constant.
Worst-Case Bounds
Even if the researcher is unwilling to impose exogenous selection, it is possible to bound the treatment effect using the data alone. Manski (1989 Manski ( , 1990 Manski ( , 1994 Manski ( , 1995 derives the worst-case bounds on the mean of a bounded function, E( f( y)0x). Consider E( f( y 1 )0x), where f(·) is some function mapping y 1 into a known interval
, is contained within the upper and lower bounds, K 1U and K 1L . Using the law of total probability in equation (2) and the bounds on f ( y 1 ), we can bound the mean of a bounded function, E( f ( y 1 )0x). E( f ( y 1 )0 x, s ϭ 1), P(s ϭ 10x), and P(s ϭ 00x) are identified by the data, and this information is used to bound E( f ( y 1 )0x) in equation (4).
E( f ( y 1 )0x) takes on the value of the lower bound if f ( y 1 ) equals K 1L for all individuals receiving the no additional schooling treatment, s ϭ 0; E( f ( y 1 )0x) takes on the value of the upper bound if f ( y 1 ) equals K 1U for all individuals receiving the no additional schooling treatment. By using the censored sampling process alone, it is possible to bound the mean of any bounded function of y 1 . E( f ( y 0 )0x) can be bounded in a manner similar to equation (4). Equation (5) derives the bounds for the treatment effect under a worst-case scenario that assumes no prior information except for nonrandom selection.
The lower bound of the treatment effect is the difference between the lower bound of E( f ( y 1 )0x) and the upper bound of E( f ( y 0 )0x). The upper bound is the difference between the upper bound of E( f ( y 1 )0x) and the lower bound of E( f ( y 0 )0x). Using this method, the treatment effect is not identified. However, these bounds provide useful insights about the effect of schooling on wages in the worst possible case-the researcher does not assume exogenous selection and has no prior information about the selection process. 2 The worstcase bounds will serve as a benchmark for comparing estimates of exogenous selection and bounds on the schooling treatment effect under alternative assumptions.
Estimating the worst-case bounds on the schooling treatment effect is difficult when the outcome is a continuous variable such as earnings. Let f ( y 1 ) ϭ y 1 and let f ( y 0 ) ϭ y 0 , where y i is equal to the log wage. Log wages are bounded below by K 1L ϭ K 0L ϭ Ϫϱ and are bounded above by K 1U ϭ K 0U ϭ ϱ. The worst-case bounds on the mean treatment effect given in equation (5) are infinite. However, if f (·) is a function mapping y i into a trimmed wage distribution, the researcher can obtain bounds on the trimmed mean and on the trimmed mean treatment effect. In order to identify the upper and lower bounds, ␣ percent of both tails are trimmed. The trimmed mean treatment effects are estimated with the remainder of the sample. The empirical quantiles at the location of the trim provide intuitive bounds on the trimmed wage distribution. Let
The first row of table 1 presents the worst-case bounds for the trimmed mean treatment effect. The width of the worst-case bounds is, by definition, K U Ϫ K L . The researcher is given wide discretion in choosing where to trim the data. In part, the amount of trimming is a function of the data. One can narrow the worst-case bounds by trimming a larger portion of the data off each tail of the distribution. Section III discusses the implications of choosing ␣ in greater detail.
Ordered Outcomes Bounds Economic theory suggests assumptions that allow one to narrow the bounds on the trimmed mean treatment effect. Assume individuals have equal ability and vary by discount rate and family wealth. Then those individuals with a low discount rate and no borrowing constraints obtain additional schooling. In addition, assume more schooling always improves earnings. The researcher can apply Manski's (1990 Manski's ( , 1994 assumption that treatments are ordered by outcome: y 1 Ն y 0 . Receiving the schooling treatment always yields at least as much income as no treatment. This implies E( y 1 0x, s ϭ 1) Ͼ E( y 0 0x, s ϭ 1) and E( y 1 0x, s ϭ 0) Ͼ E( y 0 0x, s ϭ 0) and can be used to tighten the bounds on E( y 1 0x) and E( y 0 0x). The second row of table 1 shows the ordered outcome bounds. The lower bound on the treatment effect is zero, and the upper bound on the treatment effect is unchanged from the worst-case upper bound. The ordered outcome bounds become narrower when smaller values of K u are used. 
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Roy Model Bounds The paper proceeds by dropping the ordered outcome assumption and assuming that individuals choose schooling based on their economic ability and valuation of future earnings. These assumptions are the basis of the Roy model used by Willis and Rosen (1979) . The Roy model assumes that individuals choose the level of schooling to maximize the present discounted value of earnings conditional on ability and rate of time preference. Like Willis and Rosen, this study parameterizes the earnings stream to motivate the Roy model decision rule and incorporate foregone earnings. Individuals can choose from two earnings streams: y 1t if they attend college, and y 0t if they do not. Let a be the time spent in additional schooling and t be an index for time. Then the individual earnings streams conditional on schooling choice may be characterized as
where y 1 and y 0 may be interpreted as either initial or annual earnings. The discount rate (r) is constant and the same for all individuals, and g is the constant rate of earnings growth. In addition, assume that r Ͼ g, and individuals face an infinite time horizon. The direct costs of schooling are ignored, and nonpecuniary aspects of the schooling decision are assumed away. Let V 1 and V 0 be the present discounted value of each earnings stream:
Individuals attend college, s ϭ 1, when V 1 Ն V 0 . This occurs when the present value of earnings from additional schooling less foregone earnings is greater than or equal to the present value of earnings from no additional schooling. The economic content of the Roy model is contained in this selection decision. 3 The Roy model alone does not identify the schooling treatment effect, but it does allow one to narrow the bounds on the mean treatment effect. The Roy model states that individuals choose more schooling when V 1 Ն V 0 , which implies that earnings must be greater for the higher schooling treatment plus foregone earnings: y 1 Ն y 0 e ra . Manski (1994) derives the implications of the Roy model assumptions. The individual knows his own abilities and selects the higher schooling treatment, s ϭ 1, when y 1 e Ϫra Ն y 0 and selects no additional schooling, s ϭ 0, when y 1 Ͻ y 0 e ra . This implies E( y 1 e Ϫra 0x, s ϭ 1) Ն E( y 0 0x, s ϭ 1) and E( y 0 e ra 0x, s ϭ 0) Ն E( y 1 0x, s ϭ 0), which allows the researcher to tighten the upper bounds on E( y 1 0x) and E( y 0 0x). The bounds on the treatment effect under the Roy model assumptions are given in the last rows of table 1.
In order to estimate the Roy model bounds given in table 1, the researcher needs to obtain values for a, the number of years spent in additional schooling, and r, the discount rate. Since the Roy model assumptions affect only the upper bounds on E( y 1 0x) and E( y 0 0x), it is natural to choose upper bounds on the years spent in additional schooling and the discount rate. The data provide a reasonable upper bound for the amount of additional schooling. In the NLSY, individuals are observed with up to twenty years of schooling. Thus, the upper bound on years spent obtaining additional schooling is the difference between twelve and twenty years of schooling, a ϭ 8.
The discount rate (r) is the opportunity cost of foregone earnings. For an individual to select additional years of schooling, the personal rate of return on the schooling investment must be greater than or equal to the discount rate. For the purposes of this paper, the unobserved discount rate is assumed to be constant. To obtain an upper bound on the Roy model, this research assumes two discount rates: 5% and 10%. These discount rates allow one to compare estimates of the Roy model bounds when all individuals face the same discount rate and are relatively ''patient,'' r ϭ 5%, and ''impatient,'' r ϭ 10%.
In table 1, one can easily examine the relationship between the discount rate (r) and the Roy model bounds. Let additional schooling be eight years, and hold the probability of selecting additional schooling constant. As the discount rate increases, the opportunity cost of additional schooling increases, increasing both the upper and lower Roy model bounds. The higher the opportunity cost in terms of foregone earnings, the higher the return to additional schooling needed to select more schooling. This causes an increase in the upper and lower bounds on the treatment effect under the Roy model assumptions.
Two additional facts emerge from the Roy model bounds in table 1. First, the Roy model bounds, by definition, do not identify the sign of the treatment effect. Second, the Roy model bounds are sensitive to the selection of K L : As K L gets larger (as more data is trimmed off the tails of the earnings distribution), the width of the Roy model bounds narrows.
C. Schooling Treatment Effects Using Exclusion Restrictions
In addition to controlling for selection, the researcher can use exclusion restrictions to narrow the bounds on the treatment effect. An exclusion restriction is some variable z that affects the probability of receiving treatment but is assumed not to affect the distribution of y 1 and y 0 . Researchers often use exclusion restrictions combined with func-tional form assumptions to identify the schooling treatment effect. 4 However, functional form assumptions are not always necessary to identify treatment effects given exclusion restrictions. Imbens and Angrist (1994) use exclusion restrictions combined with nonparametric assumptions to identify local average treatment effects. In addition, Vella and Verbeek (1997) examine the relationship between exclusion restrictions and control function models of endogenous treatment effects, showing similar results for both approaches.
This paper uses exclusion restrictions to tighten the bounds on the treatment effect. Partition the x matrix into two vectors: x ϭ (w, z). Earnings ( y) vary with age (w), but are assumed constant across all values of (z), the exclusion restriction. Manski (1990 Manski ( , 1994 shows that exclusion restrictions allow the researcher to tighten the worst-case bounds by replacing the bounds with the intersection of the worstcase bounds across all values of z. Equation (6) shows the worst-case bounds on E( y 1 0w) under an exclusion restriction:
The lower bound is the greatest lower bound across z, and the upper bound is the least upper bound across z. Besides potentially narrowing the bounds on the treatment effect, the exclusion-restriction bounds also examine whether the exclusion-restriction assumptions are consistent with the data. 5 If the lower bound is greater than the upper bound, no constant value of E( y 1 0w, z) is possible, and the exclusion restriction is inconsistent with the data. In this case, z violates the exclusion-restriction assumption; it is correlated with both wages and selection into schooling treatment. The bounds given in equation (6) will be used to evaluate exclusion restrictions described in the following section.
III. The Data
This paper uses data on white, employed males from the 1994 National Longitudinal Survey of Youth Geographic Micro-Data (NLSY). The NLSY contains variables including wages and salary for 1993, highest level of schooling completed, age, hours worked, and weeks worked. In order to focus on estimating the effect of additional schooling on earnings, only workers with positive wages who are not self-employed and not in the military are included in the sample. White males are used because they are not likely to experience wage discrimination. The study includes workers with at least 35 weeks and at least 1,400 hours of work in the previous year. Workers with less than twelve years of schooling are excluded from the sample. The full NLSY sample contains 1,411 individuals with complete records for schooling, age, and weekly wages.
The dependent variable is log weekly wages, and the primary independent variable is age. This study deviates from other studies of the returns to schooling by using age instead of potential experience as an independent variable. There are valid reasons for doing so. First, if schooling is endogenous, potential experience defined as age less years of schooling, less six, is a function of the endogenous variable. Second, the probability of attending school, P(s ϭ 10x), is likely to vary more across cohorts than with potential work experience.
This study uses family structure, proximity of accredited four-year colleges and universities, and school-quality measures as exclusion restrictions from the NLSY data. Exclusion restrictions are assumed to affect schooling choice and not wage outcomes by changing the potential costs or benefits of the schooling choice. This study uses presence of both parents in the home until age eighteen as an exclusion restriction. This variable is assumed to lower the cost of additional schooling because two-parent families usually have higher incomes than single parent families.
The college proximity and public college proximity exclusion restrictions were first used by Card (1995b) to estimate the returns to schooling using data from the NLS. The NLS contains a question regarding the presence of a four-year accredited college or university in the individual's local labor market (SMSA) in 1966, the first year of the NLS survey. The NLSY does not contain this variable but does contain detailed geocode information on the state and county of residence in 1979. For the first time, the 1996-1997 Integrated Post-Secondary Education Data System (IPEDS) contains the state and county geocodes of four-year colleges and universities. By merging the geocode information from the NLSY and IPEDS, it is possible to create exclusion restrictions similar to those used by Card (1995b) : presence of an accredited four-year college or university in the county of residence in 1979 and presence of an accredited public four-year college or university in the county of residence in 1979. These exclusion restrictions could be measured with error because residence is measured in 1979 and colleges are observed in 1996. Implicitly, the study assumes that the population of four-year accredited colleges and universities has not changed significantly between 1979 and 1996. One can investigate this assumption by examining the change in the population of accredited four-year colleges in the IPEDS data. According to the 1995 Digest of Education Statistics, between 1979 Statistics, between -1980 Statistics, between and 1992 Statistics, between -1993 , eighty four-year institutions of higher education have closed; none were public institutions. Thus, the measure of presence of a four-year accredited college in county of residence 1979 is likely to understate the true measure.
Recently researchers have been interested in estimating the effect of school quality-state and school district investments in teachers and students-on the returns to schooling (Card and Krueger (1992) , Betts (1995) , and Heckman et al. (1996) ). In a cross-state school quality model, Card and Krueger find positive and significant effects of school quality on earnings. Heckman et al. find little evidence in support of the effect of school quality on earnings, instead arguing that school quality is likely to affect earnings by increasing the level of schooling attainment. Betts (1995) examines the effect of school quality on earnings using the NLSY. While his study does not find evidence of a positive effect of school quality on earnings, his results do not rule out the potential influence of school quality on level of schooling attainment. Based on this evidence, this study assumes school quality is correlated with choice of additional schooling and not with earnings. Three measures of school quality from the NLSY are used as exclusion restrictions: the teacher-to-pupil ratio, percent of teachers with postgraduate degrees, and beginning teacher salaries. The NLSY does not have school-quality measures for all individuals in the sample. The study creates a subsample of 920 individuals with complete school-quality records.
In order to estimate bounds on the trimmed mean treatment effect, the research must specify ␣, the percentage of the distribution to be trimmed off each tail of the distribution. The data provide some guide for choosing ␣. The NLSY is topcoded by the mean wage of individuals earning above the topcode of $100,000. 6 Over 2% of the NLSY sample used in this research is topcoded. Table A.1 includes estimates of the worst-case bounds using ␣ equal to 2.5%, 5%, and 10%. The worst-case bounds have a width of K U Ϫ K L . Accordingly, the bounds narrow as the size of ␣ increases. Even though ␣ quadruples in size, the worst-case bounds in table A.1 remain quite wide, having a width of 1.500. The sign of the treatment effect is never identified. Because the goal of this research is to compare very general assumptions about sample selection with more-restrictive assumptions used in the literature, the paper will estimate bounds on the 2.5% trimmed mean.
Estimates of the returns to schooling are treatment effects that are the difference between mean wages at s ϩ 1 and s years of schooling. In most cases, estimates of returns to schooling assume the returns to each year are constant. Instead of estimating the returns to each year of schooling, this study estimates binary treatment effects. The first treatment effect compares workers with twelve years of schooling to those with more than twelve, and the second compares those workers with between twelve and fifteen years of schooling to those with more than fifteen. Table 2 contains descriptive statistics and the number of individuals receiving each schooling treatment for the NLSY Full and School Quality samples after trimming 2.5% from each tail. Sample sizes are reduced to 1,341 and 874 after trimming. K U and K L for each sample are reported.
IV. Empirical Results Using Alternative Selection Assumptions
A. Estimation
The treatment effect bounds are defined as functions of the conditional expectation of wages and the probability of selecting schooling treatment. It is straightforward to estimate these quantities using nonparametric regression. This study uses the kernel method to estimate the expected value of wages conditioning on the covariate x ϭ age and the schooling treatment, s, and the conditional probability of selecting the schooling treatment conditioning on age. Both the conditional expectation of wages and the conditional probability of selecting the schooling treatment are estimated using the Nadaraya-Watson estimator in equation (7).
6 By assigning the mean of the topcoded portion of the distribution to all topcoded individuals, mean wages are identified when using the entire sample. However, when trimming the distribution, the entire top-coded portion must be trimmed to identify the trimmed mean wage. When the value of the topcode is assigned to all individuals whose earnings are greater than or equal to the topcode, the mean wage is not identified. 
THE REVIEW OF ECONOMICS AND STATISTICS
Choice of the bandwidth (h) is crucial when implementing kernel estimators. Too small or too large a bandwidth prevents reliable interpretation of the empirical results. This study chooses the bandwidth subjectively using Silverman's (1986) rule-of-thumb bandwidth for kernel estimators: h ϭ 1.06 x n Ϫ1/5
. The rule-of-thumb bandwidth (h) is a function of the sample size (n) and the standard deviation of x. The Gaussian kernel, K(·), is used as a weighting function in the nonparametric estimates.
Although nonparametric estimation methods allow the researcher to estimate conditional expectations and probabilities without functional form and distributional assumptions, these methods are limited in the number of possible conditioning variables. Thus, the estimates reported in this paper cannot be compared directly to estimates of the returns to schooling found in the literature. OLS estimates of the returns to schooling often control for region of the country, marital status, race, sex, and family background characteristics, whereas the estimates reported here are limited to include only white males. Likewise, dividing the data by marital status and region of the country would greatly complicate the reporting of the results. Thus, the covariates are limited to schooling treatment, age, and the exclusion restrictions in order to evaluate the effects of assumptions on estimates.
B. Empirical Results Using Treatment Effect Bounds
The study estimates two treatment effects using the assumptions described above. The first treatment effect is labeled as treatment Ͼ12 years schooling, and the second treatment effect is labeled as treatment Ͼ15 years schooling. Both treatments are estimated across the ages of the NLSY sample, 29 to 37 years. Estimates of E( y 1 0x, s ϭ 1), P(s ϭ 10x), and E( y 0 0x, s ϭ 0) appear in Table A. 2. Figure 1 presents the worst-case, ordered outcome, and Roy model bounds for both trimmed mean treatment effects. The bounds are shown with 95% bootstrap confidence intervals. In these graphs, the estimated bounds are compared with the nonparametric trimmed mean treatment effect assuming exogenous selection. The worst-case bounds in figure 1(a) and 1(c) are, by definition, K U Ϫ K L ϭ 7.478 Ϫ 
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5.234 ϭ 2.244 wide. On average, the upper worst-case bound is approximately 85% larger than the exogenous treatment effect. The lower worst-case bound is negative and large in absolute value. The width of the worst-case bounds underscores the severity of the selection problem when the researcher is unwilling to assume anything; without additional assumptions, these bounds contain no information about the sign and little information about the size of the treatment effect. The ordered outcome bounds are indirectly reported in figure 1: By definition, the lower ordered outcome bound is zero, and the upper ordered outcome bound is equal to the upper worst-case bound. The sign of the treatment effect is positive, but it falls within the wide interval of [0, 7.478 ]. The Roy model bounds reported in figure 1(b) and (d) are calculated at a 10% discount rate. They are approximately 50% of the size of the worst-case bounds. Clearly, imposing restrictions from economic theory results in tighter bounds. Table 3 reports the worst-case, Roy model bounds, and 95% confidence intervals on the Ͼ12 trimmed mean treatment effect using the full NLSY sample. The worst-case upper bounds range from 1.133 to 1.317 for the Ͼ12 treatment and have narrow confidence intervals with an average width of 0.10. The Roy model upper bounds estimated at a 10% discount rate range in size from 0.889 to 1.258 for the Ͼ12 treatment with an average of 0.10 difference between the confidence intervals. The Roy model upper bounds estimated at a 5% discount rate range in size from 0.687 to 1.167. The sign of the treatment effect is identified by the ordered outcomes assumption. A positive sign is identified using the Roy model assumptions for both discount rates at selected ages. Table 4 reports the worst-case, Roy model bounds, and 95% confidence intervals on the Ͼ15 trimmed mean treatment effect using the full NLSY sample. The worst-case upper bounds range from 1.123 to 1.396 for the Ͼ15 treatment, and the confidence intervals have an average width of 0.10. The upper Roy model bounds at the 10% discount rate range from 0.861 to 1.207, and the confidence intervals have an average width of 0.09. The Roy model bounds at the 5% discount rate range from 0.599 to 1.019 and have confidence intervals with an average width of 0.13. Unlike the Ͼ12 treatment, the sign of the Ͼ15 treatment effect is not identified by the Roy model bounds. Table 3 and 4 indicate that adding the ordered outcomes and Roy model assumptions provides tighter bounds on the population average treatment effect. Even though the worst-case bounds are precisely estimated, they provide little insight when compared to the Roy model bounds.
C. Empirical Results Assuming Exogenous Selection
The bounds on the treatment effect under alternative selection assumptions cannot be compared with estimates of the returns to schooling in the literature. Typically, researchers estimating the returns to schooling assume that the mean wage is linear conditioning on schooling and a quadratic in experience, where schooling is often assumed to be assigned exogenously. In order to compare the bounds estimated here to estimates similar to those found in the literature, this study imposes exogenous selection and a linear functional form when estimating binary schooling treatment effects. These estimates allow the researcher to evaluate the effect of the usual assumptions on the estimated outcomes. The last two columns of table 3 and 4 present these results. Nonparametric estimates of the treatment effect that assume exogenous selection range from 0.02 to 0.35 for the Ͼ12 treatment and range from 0.01 to 0.57 in the Ͼ15 treatment conditioning 
D. Empirical Results Using Exclusion Restrictions
Applying exclusion restrictions to narrow the bounds on the schooling treatment effect is a two-step process. First, the paper examines whether the exclusion-restriction assumptions are consistent with the data. This involves estimating the exclusion-restriction bounds on E( y 1 0w) and E( y 0 0w) using equation (6) for all treatments. The bounds are consistent with the data when the upper bound exceeds the lower bound; in this case, a constant value of E( y 1 0w) and E( y 0 0w) is possible given the exclusion-restriction assumption. The statistical significance of this result is tested by using 1,000 bootstrap samples to recalculate the bounds on E( y 1 0w) and E( y 0 0w). Under the null hypothesis, the upper bound should exceed the lower bound in at least 95% of the bootstrap estimates. If the null hypothesis is rejected, this suggests that the data are inconsistent with the exclusionrestriction assumption. Table 5 presents the results of the bootstrap test for each estimate of E( y 1 0w) and E( y 0 0w) where the schooling treatment is equal to Ͼ12, ϭ12, Ͻ16, and Ͼ15 years. 7 The bootstrap test does not reject presence of both parents at home until age eighteen, presence of a four-year college in county of residence, and presence of a four-year, public college in the county of residence. The data are consistent with the assumption that these exclusion restrictions are correlated with schooling choice and uncorrelated with wages. The bootstrap test rejects the consistency of the school-quality exclusion restrictions with the data, indicating that measures of school quality are correlated with schooling choice and wages. 8 Since the school-quality exclusion restrictions are inconsistent with the data, the paper proceeds with the second step of estimating exclusion-restriction bounds with the NLSY Estimates use NLSY full sample. Numbers in parentheses are 95%-confidence intervals estimated using 1,000 bootstrap subsamples. * Linear estimates lie outside of 95 percent confidence intervals around nonparametric estimates assuming exogenous selection. 
Both parents at home until age 18 2 0 0 0 0 Proximity to four-year college 2 0 0 0 0 Proximity to four-year public college 2  0  0  0  0  Teachers with advanced  degrees 3  90  20  5  95  Teacher starting salaries 3  100  84  36  100  Teacher/pupil ratio 3  100  100  98  100 1 Bootstrap test consists of 1,000 bootstrap subsamples used to recalculate E( y1 0 w) and E( y0 0 w). Numbers in the table are the percentage of bootstrap estimates where the lower bound exceeds the upper bound. Exclusion restrictions are inconsistent with the data when more than 5% of the lower bounds exceed the upper bounds.
2 Estimated using the full NLSY sample. 3 Estimated using the NLSY school-quality sample. 4 An appendix that graphs the exclusion-restriction bounds is available from the author by request.
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full sample. In the estimates that follow, the paper combines the exclusion-restriction assumptions with the Roy model in order to narrow the treatment effect bounds. 9 In addition, it is straightforward to combine the scalar exclusion-restriction assumptions; this effect can be obtained by taking the intersection of the bounds across each exclusion restriction imposed (Manski and Pepper (1998) ). However, the paper does not combine exclusion restrictions as a multidimensional exclusion restriction. Even though this is possible using nonparametric estimation, it is not feasible given the sparseness of the data in higher dimensions of the NLSY sample. 10 Table 6 contains bounds estimated for Ͼ12 and Ͼ15 years schooling treatments using the presence of both parents in the home until age eighteen as an exclusion restriction. The worst-case bounds using the exclusion restriction are narrower than those presented in table 3 and 4. The Roy model bounds estimated at the 10% discount rate identify a positive sign on the schooling treatment effect except at age 34. The Roy model bounds at the 5% discount rate also identify a positive sign on the schooling treatment effect at ages 31 to 33 and 37. For the Ͼ15 treatment, the worst-case bounds are 18% narrower on average than those reported in table 4. The Roy model bounds are also narrower. A positive sign is identified using the Roy model bounds assuming a 10% discount rate at ages 32 and 37. Table 7 reports estimates for Ͼ12 and Ͼ15 treatments and college in the county of residence exclusion restriction. The worst-case lower bounds using presence of college are greater than the worst-case lower bounds reported in table 3 and 4. Worst-case exclusion restrictions on the Ͼ12 treatment using college proximity are approximately 17% narrower than those reported in table 3. These bounds are also narrower on average than the exclusion-restriction bounds 9 Willis and Rosen (1979) include variables in their Roy model selection equation that are assumed to affect schooling choices and not wages. Using exclusion restrictions combined with the Roy model does not allow the researcher to identify which assumption is responsible for the selection of schooling treatment. 10 This shortcoming of nonparametric estimation is known as the ''curse of dimensionality.'' It is also the reason why the number of covariates is limited when estimating the schooling treatment effect. Estimates use NLSY full sample. Numbers in parentheses are 95%-confidence intervals estimated using 1,000 bootstrap subsamples. Underline indicates sign of treatment effect is identified.
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for both parents at home until age eighteen. The sign of the Roy model bounds using presence of college and a 10% discount rate is positive for all ages except 34 and 35. However, at a discount rate of 5%, a positive sign is identified only when age is equal to 31, 32, and 37. For the Ͼ15 treatment and college in the county of residence exclusion restriction, the Roy model bounds do not identify a positive sign on the schooling treatment effect. Similar to the Ͼ12 treatment, the presence of college in county of residence provide tighter bounds on average on the Ͼ15 treatment than presence of both parents in home until age eighteen. Table 8 reports estimates for the Ͼ12 and Ͼ15 treatment and public college in the county of residence exclusion restriction. Compared with the results in table 7, public college in the county of residence does not narrow the exclusion-restriction bounds as much as presence of any four-year college. The Roy model identifies a positive sign at the 10% discount rate for most ages above 29 at the Ͼ12 treatment. The Roy model does not identify a positive sign at the Ͼ15 treatment. Taking the intersection of the bounds estimated using all of the scalar exclusion restrictions shows that the narrowest bounds are provided by the presence of a four-year college in the county of residence.
VI. Conclusions
The unified framework presented in this paper allows the estimation of the schooling treatment effect using different assumptions about selection into treatments. Unlike previous research that has relied on multiple assumptions using myriad data sets, this approach systematically varies the assumptions and compares the results. By imposing various assumptions using economic theory, it is possible to significantly narrow the bounds on the schooling treatment effect. These findings are summarized below.
Restrictions from economic theory significantly narrow the bounds on the treatment effect. Both the upper and lower Roy model treatment effect bounds become larger as the discount rate increases. The higher the opportunity cost, the higher the return to schooling needed in order to select additional schooling. Using the Roy model, in which individuals are assumed to select schooling levels based on comparative advantage, the bounds occasionally identify a positive sign on the schooling treatment effect assuming a 10% discount rate. Nonparametric estimates of the treatment effect assuming exogenous selection are not constant across age. Significant differences exist between the nonparametric and linear estimates of the treatment effect. Estimates of the returns to schooling and the college wage premium that use a linear functional form are potentially biased by this assumption. The study uses family structure, college proximity, and school-quality measures as exclusion restrictions. Exclusion-restriction bounds are used to examine whether the exclusion-restriction assumptions are consistent with the data. Holding other wage covariates besides age constant, this study rejects the validity of school-quality measures as exclusion restrictions, indicating school quality might be correlated with earnings. Exclusion restrictions tighten the bounds relative to the worst-case and Roy model bounds. In some cases, the exclusion-restriction bounds identify a positive treatment effect.
When estimating the effect of schooling on earnings, the selection problem requires the researcher to make explicit assumptions about assignment to schooling levels. This paper has presented a number of striking results using alternative assumptions about selection. Clearly, the worstcase bounds provide little insight into the schooling treatment effect. By definition, the ordered-outcome bounds identify a positive sign with a large upper bound. The Roy model bounds identify a positive sign for the Ͼ12 treatment; these bounds become tighter when combined with exclusion restrictions. The treatment effect bounds demonstrate the limits of understanding of the effect of schooling on earnings. In the end, researchers must make some kind of simplifying assumptions to estimate the effect of schooling on earnings, knowing that policymakers' decisions will be based on these estimates. They must choose either to ignore self-selection by assuming exogenous assignment to schooling levels or to incorporate economic theory on the selfselection of schooling levels. As shown in this research, these assumptions provide very different results. Estimates use NLSY full sample.
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